ABSTRACT.-Network analysis is a framework that allows integration and evaluation of predator-prey interactions. In the present study, we synthesized diet composition information from 94 published studies (n = 12,335 unique predator-prey interactions) that reported food habits of teleost fishes in the northern Gulf of Mexico (nGOM). Using this information, we constructed 12 weighted trophic network models using three diet metrics and four levels of taxonomic resolution of predators and prey. We evaluated network resilience to simulated random and directed taxa loss by assessing changes in topological indices "complexity," "connectance," "efficiency," and "robustness" with respect to a priori minima. We found all networks were resilient to random removal of nodes. However, the response to directed removal varied depending on the index used to determine node importance. Directed removal simulations that targeted taxa with the greatest number of trophic interactions had the strongest impact on network topological indices. Using an additional simulation, we assessed how removal of taxa of commercial interest impacted the predation pressure on other taxa. We found a greater magnitude of predator diet shifts when Gulf menhaden (Brevoortia patronus Goode, 1878) were removed than when blue crab (Callinectes sapidus Rathbun, 1896) were removed, indicating predators of Gulf menhaden have a more limited portfolio of diet items than do predators of blue crab. Compared to previously described marine trophic networks, the network that describes the trophic dynamics in the nGOM is less connected and complex. This conclusion highlights the need for consistent reporting of stomach contents and improved understanding of the food habits of lesser-known taxa in the region.
other analyses (e.g., stable isotope and free fatty acid) cannot (Young et al. 2015) . The analysis of stomach content is made informative by the evaluation of multiple metrics: frequency of occurrence, index of relative importance, index of caloric importance, gravimetric, volumetric, numerically, or stomach fullness based on a points system (Hyslop 1980) . Although some studies have attempted to reconcile disparate reporting metrics (Stobberup et al. 2009 , Sagarese et al. 2016 ), a challenge remains to combine the metrics to derive robust estimates of diet.
In the northern Gulf of Mexico (nGoM), the trophic dynamics of many commercially and recreationally important fish species are not well understood. Trophic ecosystem modeling approaches for the Gulf of Mexico (Vidal and Pauly 2004 , Geers et al. 2014 , Masi et al. 2014 , Sagarese et al. 2016 , Alabama bay systems (Althauser 2003) , Texas (Sutton and Guillen 2009) , and the west Florida shelf (Okey et al. 2002 , Grüss et al. 2015 recognize that the lack of detailed food habit data for the Gulf of Mexico limit their predictive capabilities. Comprehensive representations of trophic interactions depend on adequate temporal, spatial, and taxonomic survey effort (Szoboszlai et al. 2015) . Evaluating consumer diets over sufficient temporal scales provides information about how prey availability and the selectivity of consumers shift seasonally and inter-annually (Szoboszlai et al. 2015) , and allows the impacts of local and regional changes to be determined (Young et al. 2015) . Similarly, an understanding of ecosystem dynamics necessitates understanding the magnitude of consumer interactions at multiple trophic levels. To provide a framework for combining predator and prey information and evaluate their dynamics, we use network analysis.
Network analysis is a widespread method for analyzing social (Scott 1988 , De Montis et al. 2007 ), economic , Kharrazi et al. 2013 , Fath 2015 , and biological systems (Greicius et al. 2003 , Luscombe et al. 2004 . Network modeling and topological analyses have a long history in ecology for evaluating trophic interactions among taxa (Paine 1969 , Pimm et al. 1991 , Camacho et al. 2002 , Dunne et al. 2004 , Fath et al. 2007 , Sih et al. 2009 , Bornatowski et al. 2014 . Experimental perturbations of networks through the simulated removal of nodes and subsequent analysis of network characteristics can be used to assess network function and to identify influential nodes (consumers or prey) (Albert et al. 2000 , Dunne et al. 2002 , Sih et al. 2009 , Navia et al. 2010 , Bornatowski et al. 2014 , García-Algarra et al. 2017 . The simulated removal of nodes represents a scenario where the relative abundance of the taxa is reduced to such an extent that it becomes "functionally" removed as a prey item.
Network models are composed of nodes connected by edges; each node represents a predator or prey taxa and edges represent a described trophic interaction between a predator and prey. Edges can be a binary representation of the presence or absence of an observed interaction (Dunne et al. 2004 , Gaichas and Francis 2008 , Bornatowski et al. 2014 , Navia et al. 2016 or weighted with data to understand interaction strength (i.e., "weighted network"). Such weighted network models allow interpretation of differential interaction strengths between and among nodes (Banašek-Richter et al. 2009 , Boit and Gaedke 2014 , van Altena et al. 2016 . Networks are assessed by their function, which is the ability to maintain effective structure after perturbation, and relies on a balance of resilience and efficiency. Resilience is the flexibility and diversity, or redundancy, within a network (i.e., prey items that fill similar trophic roles in a trophic web) ). Network efficiency is the ability to maintain pathways for energy transfer . A network's resilience and efficiency are contingent on diversity (the number of nodes) and connectivity (the number and arrangement of edges). High diversity leads to increased redundancy and high connectivity allows for efficient energy transfer , Fath 2015 . Several topological indices can be used to evaluate network function including "complexity," "connectivity," "efficiency," and "robustness." Node-level indices can be used to assess the importance of individual network nodes. One of the simplest but most frequently used node index is degree, or the number of direct connections an individual node has. In a trophic context, predator nodes with relatively high degree are generalists and have greater flexibility in prey choice relative to a specialist predator with few edges. Another node index is weighted degree, which incorporates the strength of each direct connection. Closeness quantifies how close each individual node is to all other nodes in a network and fragmentation ranks nodes based on how much the network would be disconnected if that node was removed.
The objectives for the present study were to evaluate how our understanding of trophic webs in the nGoM is informed and biased by available literature and to understand how the inclusion of data to create weighted networks can improve our understanding of the trophic webs' function and resiliency. Specifically, we evaluated how the differences in stomach content metrics and the precision of taxonomic identification impact the structural indices of trophic webs. We used simulation analysis to test how topological indices of the trophic web networks respond to random and directed node removals. We used directed node removal simulations to compare weighted and unweighted indices (closeness, degree, weighted degree, and fragmentation) for determining the importance of a node to a network, which provides insight into the value of including quantitative data into the nGoM trophic webs. We also used simulation analysis to predict how predator's diet habits may shift when individual prey taxa are removed from the network. This allowed us to evaluate the role of taxonomic groups of commercial interest.
Materials and Methods
Data and Data Sources.-We conducted a comprehensive literature search for all published diet studies in the nGoM using the bibliography provided in the Gulf of Mexico Species Interactions (GoMexSI, http://gomexsi.tamucc.edu) online database and Google Scholar to find food habits and diet studies of ray-finned fishes in the Gulf of Mexico. In total, we compiled comprehensive information from 94 literature sources and constructed a data base (data available by request from the authors, see Online Appendix 1 for literature sources) that included published peer-reviewed papers, technical documents, and theses. For each source, we recorded when (year) and where the study was performed, the predator analyzed, and the taxonomic composition of its stomach content. We limited our investigation to predators of class Actinopterygii (ray-finned fishes). We focused on the coastal fish species and their prey to gather an initial understanding of predator-prey relationships in the Gulf of Mexico and recognize that our analysis omits the potentially critical role of mammals, birds, and elasmobranch fishes.
We defined prey groups by using the lowest taxonomic classification reported in the studies and determined their taxonomic classification using the Integrated Taxonomic Information System (ITIS, http://www.itis.gov). We excluded ambiguous and non-organic diet content, such as mud, sand, detritus, etc., and omitted multiphyletic categories (flesh, bone, spine, etc.). We also excluded papers with stable isotope and fatty acid analyses because these studies provide information that is complementary to stomach content analysis, but not directly comparable and they do not provide a high taxonomic resolution of stomach contents. We excluded all published work that provided syntheses of data from studies already represented in our database.
A variety of methods are used to quantify stomach contents and each was included in our database. Method types include frequency of occurrence, dry weight, wet weight, and percent volume. Frequency of occurrence is the percent of either all or non-empty stomachs that contain individuals from a prey group. Gravimetric methods (dry and wet weight) are the collective weight of each prey group found in a stomach. Volumetric analysis may be done through direct or indirect estimation. Direct estimation involves determining the displacement volume of the stomach contents, whereas indirect estimation is done by comparing stomach contents with blocks of known volume to approximate the actual volume (Hyslop 1980 ). Network Analyses.-We used a network analysis approach to describe predatorprey relationships in the nGoM. We used the R packages igraph and enaR to investigate and visualize trophic interactions (Csardi and Nepusz 2006 , R Core Team 2015 , Lau et al. 2017 . We first separated the data by stomach content analysis methodology: weight, frequency of occurrence, and percent volume. Each reported incident of a prey in a predator's stomach formed a predator-prey pair (link in the network) and the strength of that interaction is represented by the numeric value reported in the literature (e.g., for the network based on wet weight, the value that describes the interaction is the wet weight of the prey in the predator's stomach). When predatorprey pairs occurred in two or more studies, the mean of all interactions was used for the weight. Within each method type, predator and prey were aggregated by taxonomic level (species, genus, family, and order), so that all nodes within a network were at the same taxonomic level. Using this approach, we generated 12 unique networks for analysis. Each network was composed of nodes that represent the predators and prey, and are connected by edges, or links, that are weighted with the value of the link determined by the method type. An example predator-prey matrix with weights and its consequent network is shown in Figures 1 and 2 (see Appendix 1 for species names, and Online Appendix 1 for more details on predator and prey species included in the study).
To evaluate the structure of each constructed network, we simulated random and directed node loss, and evaluated network indices of complexity, connectance, efficiency, and robustness (Dunne et al. 2004) . Complexity, or link density (LD), is the average number of edges (L) per nodes (N), LD = L/N. For example, a trophic web with a link density of 2.5 indicates that on average, nodes have 2.5 trophic links. We calculated the weighted link density, (LD w ) following Boit and Gaedke (2014) indicate that no feeding interactions exist among nodes, a value of one indicates that all nodes interact with one another (Gilbert 2009 ). Not all values of C are meaningful and the minimum value of C before a network becomes too divided into subgroups is given by C min = N−1⁄N 2 . In a typical trophic web, C ranges from approximately 0.03 to 0.3 with a mean of approximately 0.10-0.15 (Dunne 2012) . Additionally, we calculated weighted connectance by incorporating the strength of trophic links following methods from Boit and Gaedke (2014) :
Efficiency refers to how effectively energy can be transferred through a network and can be quantified by the average path length (APL). Path length is the number of edges between two nodes in a network and APL is the mean length of the shortest paths for all possible pairs of nodes in a network (Barabasi 2016) . Networks with shorter APL are considered efficient and easily traversable, while networks with Figure 2 . A visual representation of a trophic network constructed from the predator-prey adjacency matrix in Figure 1 . The interactions come from frequency of occurrence data of predator and prey identified to taxonomic species level. This visualization focuses on the predator species of Gulf menhaden, and the all of the other prey species that those predators feed on. The nodes represent predator and prey taxa and the arrows represent the links between them. The arrows point from predator to prey and the thickness represents the log-transformed weight of the interaction. The size of the nodes is the log-transformed weighted degree.
longer APL are considered inefficient and complicated (Barabasi 2016) . When nodes are removed, APL tends to increase until ultimately node pairs are disconnected and the network begins to become composed of multiple, disjointed networks (Newman 2003) . The APL metric can incorporate edge weights so that the shortest distance between each pair maximizes the sum of relative feeding interaction between pairs (Boit and Gaedke 2014). We calculated weighted APL (APL w ) with the following equation:
where N is the number of nodes and d ij is the shortest distance between nodes i and j. Robustness can be defined as the ability of a system to absorb stresses and continue functioning (Levin and Lubchenco 2008) and is based on redundancy and efficiency in a network. Fath (2015) defined the term robustness (R) to measure the efficiency and redundancy of networks as:
where A is ascendency and C is capacity. Ascendency is a function of an ecosystem's trophic network and is the extent to which a network efficiently distributes the flow of energy among its nodes (Kharrazi et al 2013) . Capacity relates to a system's potential for growth and development, and includes ascendency and redundancy (see Kharrazi et al. 2013 for full derivation). Robustness is maximized when A/C = 0.368 (Fath 2015) . Prior to any removal simulations (number of simulation trials = 62), we determined the initial values of each network's link density, weighted link density, connectance, and its weighted counterpart, weighted average path length, weighted clustering coefficient, and robustness. We used linear and non-linear (power function) models to examine the relationship between network size and topological indices. Akaike information criterion (AIC) and inspection of residuals for each model was used to determine the most appropriate model. The random loss simulation was performed by selecting a random node, removing it from the network, then calculating the resulting LD, LD w , C, C w , APL w , and R. We then removed another random node and recalculated each of the index values. We continued removing nodes until the number of nodes removed was ½ of the original number, f = 0.5. We repeated the random loss simulation 10 times for each network and report the mean values of the indices at each value of f. We conducted a series of directed node loss simulations to evaluate which method of determining node importance revealed the most vulnerable nodes in a network. Node importance was determined by its degree, weighted degree, closeness, and fragmentation. Degree is the number of links directly connected to an individual node, whereas weighted degree is the sum of all edge weights directly connected to an individual node. Degree and weighted degree can provide different ranking because a node with only three edges will be considered less important when ranked by degree than a node with five edges; however, if the three edge weights for the first node are 4.5, 10, and 7, and the weights for the edges of the second node are 1, 1.5, 2, 4, and 2, the first node will be considered more important when ranked by weighted degree. Closeness (CC) is determined by the minimum number of links from an individual node to all others in the network (Wasserman and Faust 1994) . It is calculated as
where N is the number of nodes, i and j represent a node pair and d ij is the shortest distance between the pair. Fragmentation quantifies how much the network would fragment from its original structure after an individual node is removed and is calculated by:
where S k is the number of nodes in a disconnected portion of the network (Fedor and Vasas 2009 ). Nodes with a higher fragmentation value are more influential to the network's framework. We assigned importance for every node based on each method and ties in ranks were randomly broken. Ten iterations of directed removals were conducted and we reported mean values of all indices at each value of f. In the directed removal simulations, we removed the most important nodes sequentially and calculated LD, LD w , C, C w , APL w , and R after each removal until f = 0.5. Minimum values for each index were determined and if networks fell below a priori thresholds, they were considered not resilient to further removals. The minimum LD and LD w were one, the minimum connectance levels were determined following Gilbert (2009) where C min = N−1⁄N 2 , and an infinite average path length at the end of removals signaled that the network had become so disjointed that there were no longer paths between nodes. We determined the "window of vitality" or range of robustness values that functional, empirical networks are typically bounded within following Ulanowicz et al. (2009) and the upper and lower limits for robustness were R = 0.324 and R = 0.367, or when A/C = 0.218 and A/C = 0.428.
We performed an additional set of simulations in which we reduced the feeding intensity on two commercially important prey taxa, Gulf menhaden (Brevoortia patronus, see Appendix 1 for species authorities) and blue crab (Callinectes sapidus), to investigate how consumer feeding efforts may shift if the prey availability decreases. Gulf menhaden and blue crab are considered important prey species in the nGoM, and we wanted to show how network simulations can quantify the potential effects of their depletion. For these simulations, we used the network constructed with frequency of occurrence data and nodes identified to species level. For each node, i, we calculated its weighted degree then reduced the weighted degree of Gulf menhaden or blue crab by 25%. We then redistributed the difference between the original edge weights and the reduced edge weights proportionally among the consumer's other edges and calculated the change in weighted degree for each prey node. This was used to predict the impact of an altered feeding regime on other prey species.
Results
Predator-prey Interactions.-From our literature search, we determined 12,335 unique predator-prey interactions reported for the nGoM. The most commonly identified consumer families included Sciaenidae (n = 5406 interactions), Sparidae (n = 1721 interactions), Triglidae (n = 1241 interactions), Carangidae (n = 1241 interactions), and Engraulidae (n = 1042 interactions). The most studied species were Micropogonias undulatus (n = 1649 interactions), Trachinotus carolinus (Linnaeus, 1766) (948 interactions), Leiostomus xanthurus (n = 695 interactions), Anchoa mitchilli (Valenciennes, 1848) (n = 686 interactions), and Sciaenops ocellatus (n = 659 interactions). The least studied predator families were Cichlidae (n = 5 interactions), Dussumieriidae (n = 5 interactions), Achiridae (n = 4 interactions), Holocentridae (n = 3 interactions), and Aulostomidae (n = 1 interactions). The least reported species were Larimus fasciatus Holbrook, 1855, Liopropoma eukrines (Starck and Courtenay, 1962) , Lophogobius cyprinoides (Pallas, 1770), Menidia peninsulae, and Sphyraena barracuda (Edwards, 1771) (n = 1 for each). The most prominent prey categories reported in the literature included, Actinopterygii, Decapoda, Polychaeta, Amphipoda, and Crustacea (Table 1) .
Network Indices.-Overall, topological indices for all base networks were not related to network size (Fig. 3) . The 12 networks ranged in size from 24 to 166 nodes; the largest network was constructed with the frequency of occurrence data of prey and taxa identified to species level (Table 2) . Power functions were fit to all network indices as a function of network size except for robustness, a linear regression was used to describe this relationship. We found weak correlation between link density and network size (R = 0.02, β = 0.082), weighted connectance and network size (R = 0.03, β = 0.03), weighted average path length and network size (R = 0.21, β = 0.103), and robustness and network size (R = 0.34, β = 0.00032) (Fig. 3) . Weighted link density exhibited stronger correlation to network size (R = 0.55, β = 0.384) and connectance had the strongest and only negative correlation with network size (R = −0.74, β = −0.886) (Fig. 3) . The mean weighted link density was 5.11 links per nodes (SD 1.80) and the unweighted mean link density was 1.42 links per nodes (SD 0.34). Mean connectance was 0.029 (SD = 0.02) while mean weighted connectance was 4.66 (SD 2.31). Mean weighted average path length, APL w , was 1.52 (SD 0.66). Mean robustness was 0.335 (SD 0.047). Two networks constructed with the frequency of occurrence data and two constructed from volumetric data fell outside of the range of robustness values that functional, empirical networks are typically bounded within for robustness. The networks based on both metrics were below the lower bound when nodes were aggregated at order level, and above the upper bound when nodes were aggregated at genus level. Random Removals.-We found that LD was the most sensitive index to random removals and LD w , C, and APL w were not affected by random removals (Fig. 4) . We found that for all networks, except the one generated with volumetric data and nodes aggregated at the taxonomic level order, link density fell below one when f = 0.5. In contrast, weighted link density never fell below the minimum value. Connectance and weighted average path were not influenced by random removals and were not reduced below the minimum levels. For all networks with nodes aggregated to taxonomic order and the network constructed using weight data with nodes aggregated at the taxonomic level genus, the robustness values when f = 0.5 were outside of the functional range. Random removals resulted in weighted connectance values below the minimum for networks composed with frequency of occurrence data and nodes aggregated at the taxonomic level species and family. Directed Removals.-The impacts of directed removal on the indices (LD, LD w , C, C w , APL w , and R) varied depending on the node index (closeness, degree, weighted degree, and fragmentation) used to determine the order of node removal. When nodes with the greatest degree or greatest weighted degree were removed, the associated network topological indices LD, LD w , C, C w , APL w , and R fell below the a priori established minimum values in 77.7% and 72.2% of the simulation trials, respectively (Figs. 5, 6 ). When nodes were removed based on their closeness value, topological indices were reduced below a priori minimum levels in 23.6% of the simulation trials (Fig. 7) . Finally, when nodes were removed based on their fragmentation value, topological indices were reduced below the a priori established minimum value in 54.2% of the simulation trials (Fig. 8) . We found that the weighted link density index was the least sensitive index to directed node removals, in only 6% of the simulations did it fall below one. The most sensitive index to node removal was weighted connectance, in 93.7% of the instances, it fell below the minimum value. Overall, the network that was most resilient to directed removals was the network constructed with frequency of occurrence data and nodes aggregated at the genus level. In total, the topological indices were higher than the minimum values in 58.4% of the simulation trials. When node removal was based on closeness values, none of the topological indices fell below the minimum levels. Node removal based on fragmentation resulted in only the link density index falling below the minimum. When we removed nodes based on weighted degree, the indices connectance, weighted connectance, link density, and average path length all fell below the a priori minima and when we removed nodes based on degree, all indices except weighted Figure 4 . Mean values derived from 10 simulations of six topological indices (A) link density, (B) connectance, (C) weighted connectance, (D) robustness, (E) weighted link density, and (F) weighted average path length as a function of random node removal. Networks were generated with data from three different diet metrics and nodes were aggregated at four taxonomic levels (order, family, genus, and species).
link density fell below the minima. The most vulnerable network to directed removals was the network constructed with frequency of occurrence data and nodes aggregated at taxonomic order. When we removed nodes in order of closeness, the topological indices robustness, link density, and weighted connectance fell below minima. When we removed nodes based on fragmentation values, all topological indices except weighted link density and weighted average path length fell below the minima. When we removed nodes following degree and weighted degree rankings, all indices except weighted link density fell below the minimum values. Figure 5 . Mean values derived from 10 simulations of six topological indices (A) link density, (B) connectance, (C) weighted connectance, (D) robustness, (E) weighted link density, and (F) weighted average path length as a function of directed node removal (preferentially removing the most connected nodes). Networks were generated with data from three different diet metrics and nodes were aggregated at four taxonomic levels (order, family, genus, and species).
Of the four networks for which robustness fell outside of the functional range, there were instances in which robustness increased or decreased as nodes were removed so that the robustness values fell into the functional range when f = 0.5. In the directed removal simulations based on closeness, fragmentation, and weighted degree indices, the network constructed using frequency of occurrence data and nodes aggregated at the taxonomic level genus had a decrease in robustness so that the final value fell within the functional range. Similarly, robustness values for the network created from volumetric data with nodes aggregated at genus level decreased to fall Figure 6 . Mean values derived from 10 simulations of topological indices (A) link density, (B) connectance, (C) weighted connectance, (D) robustness, (E) weighted link density, and (F) average path length to the directed removal of nodes with high weighted degree until 50% of the nodes were removed.
within the window of vitality range when we removed nodes based on their indices of closeness, degree, weighted degree.
The reduction-reallocation simulations that removed selected, commercially important species indicated the direction and magnitude of predator diet shifts within the network. We focused our evaluation on networks constructed using frequency of occurrence data and nodes aggregated at the taxonomic level species. Prior to any reductions, Gulf menhaden had a weighted degree of 509.26 and blue crab had a weighted degree of 387.53, and each had eight unique predator species. Blue crab and Gulf menhaden have the greatest weighted degree and number of predators; the third greatest weighted degree was the sea snail, Cosmioconcha calliglypta, WD = 140.25, with three unique predator species. We found that reducing edge weights from eight predators to Gulf menhaden resulted in indirect impacts on 42 other prey species. Specifically, their predator's feeding intensity were reallocated to round scad (Decapterus punctatus), blue crab, Atlantic croaker (Micropogonias undulatus), hardhead catfish (Ariopsis felis), and eastern mosquitofish (Gambusia affinis) (Fig.  9) . When WD was reduced by 25% for Gulf menhaden, the largest change in weighted degree (∆WD = 112.4) occurred for round scad. Because the edge weights are based on frequency of occurrence data, this implies a 112.4% increase in frequency Figure 8 . Mean values derived from 10 simulations of topological indices (A) link density, (B) connectance, (C) weighted connectance, (D) robustness, (E) weighted link density, and (F) average path length to the directed removal of nodes with the greatest fragmentation values first until 50% of the nodes were removed from the network of occurrence of round scad in predator diets. Blue crab WD increased by 97.8% and Atlantic croaker increased by 67.9%. When we reduced feeding pressure on blue crab, our analysis predicts that predators (n = 8 predator species) would shift feeding to 59 prey, particularly the scorched mussel (Brachidontes exustus), Atlantic croaker, Gulf menhaden, a saltwater clam (Mulinia lateralis), and an amphipod (Batea catharinensis) (Fig. 9) . Three of the five most impacted prey species are other benthic invertebrates. The scorched mussel experienced the largest increase in WD when blue crab occurrences in diets were reduced by 25%, ∆WD = 96.88%.
Discussion
To understand trophic dynamics of fishes in the nGoM, we used a network approach. We found that the initial values of topological indices for the networks we generated were typically lower than values found within the literature, that topological indices of network structure are resilient to random perturbations, but that directed removal of high degree (well connected) nodes results in the value of topological network indices to be reduced below functional threshold levels. Additionally, we found that the simulated extirpation of commercially important taxa, Gulf menhaden and blue crab, allows us to understand the targets and the magnitude of increased feeding pressure exerted by predators when they shift predation. Our approach highlights the need for consistent reporting in taxonomy of prey items and stomach content analysis metrics, and a greater understanding of the food habits of lesser-known taxa in the northern Gulf of Mexico. Figure 9 . Impact on weighted degree for the 10 most impacted prey species as a result of reallocation of predator feeding effort when (A) Gulf menhaden weighted degree was reduced by 25% and when (B) blue crab weighted degree was reduced by 25%.
We found that the size of the networks we created and the resulting topological indices were generally smaller and lower than those of other systems of comparable size. Network approaches have been used to understand trophic dynamics in a variety of ecosystems and the number of nodes included in the network vary widely. Some authors have sufficient data to obtain a large number of nodes in their networks. For example, Navia et al. (2016) populated a network model with 256 nodes that included phytoplankton, zooplankton, and detritus, as well as elasmobranch fishes and turtles in the Dry Tortugas ecosystem. Gaichas and Francis (2008) constructed a trophic network of the Gulf of Alaska that consisted of 406 nodes. The relative paucity of nodes in our work, in comparison to other highly parametrized models, resulted in mean unweighted connectance values lower than those of other trophic webs (Dunne 2012) . Our inclusion of only taxonomic groups that could be identified unambiguously resulted in the exclusion of multiphyletic groups, such as phytoplankton, zooplankton, inorganic particulate, detritus, and others that play a critical, functional role in energy transfer. The exclusion of these groups reduced the size and connectivity of each of the networks. Connectance for other marine and estuarine systems are between 0.038 and 0.3, and tend to be even lower in freshwater and terrestrial systems. The lower bounds of our connectance index value are lower than this range and is a result of most nodes in our constructed network having only a single link-an artifact of the depauperate trophic information for some groups.
We observe that network topological indices, with the exception of link density and weighted connectance, were not sensitive to the random removal simulations. Random removal of nodes caused the link density to fall below one, which means that, on average, every node had a single trophic interaction. Prior to the removal simulation, the networks had link densities between 0.9 and 2, and the loss of additional edges had a disproportionate impact. When weights were incorporated into link density, we observed a different response to random perturbations. Weighted link density never fell below the minimum established functional level; in several instances, the connectance metric increased as nodes were randomly removed. This non-intuitive result arose because the trophic network is composed of a disproportionate number of nodes consisting of one or two edges and the impact of randomly removing nodes serves to preferentially remove nodes with low numbers of edges. As those poorly connected nodes are removed, the overall density of edges increases, which can lead to a stronger network structure. This finding is similar to those reported by Sole and Montoya (2001) and Dunne et al. (2002 Dunne et al. ( , 2004 . The robustness index was sensitive to random removals, and always fell outside of the optimal range when nodes were aggregated at a high taxonomic level (e.g., order).
The network topological indices were sensitive to directed removal of taxa and the magnitude of the impact was dependent on the node index used to determine node importance. We found that node indices based on local properties, such as how many direct linkages were present, were the most influential nodes for maintaining the network structure. Topological network indices fell below a priori established minimum levels in 76% of the simulation trials when the nodes with the highest degree were removed first, and 71% of the simulation trials when nodes with highest weighted degree were removed. Therefore, the most important nodes can be identified by those that have the most connections and not necessarily those with the largest weighted connections. Global properties of nodes did not identify the most structurally important nodes as frequently. The degree distribution of the networks we generated was heavily skewed so that a few nodes were highly connected and the rest had only a few. Because of the many connections, those few nodes become "hubs" for flow of energy through the network. This is a characteristic of scale-free networks and they are particularly vulnerable to removal of highly connected nodes. Many other trophic networks fall into this category and are often robust to random perturbations, but extremely vulnerable to directed removals (Solé and Montoya 2001) .
The architecture of the network is determined by the availability of publicly accessible predator-prey information and the level of taxonomy used to describe the network. The low observed connectance and sparsity of nodes highlights the need for increased examination of trophic ecology in the Gulf of Mexico. The regional efforts in the northeastern United States (National Oceanic and Atmospheric Administration Food Web Dynamics Program; Smith and Link 2010), the north Pacific Ocean (Resource Ecology and Ecosystem Modeling; Livingston et al. 2017) , the Chesapeake Bay region (VIMS Multispecies Research Group; Buchheister and Latour 2016) , the California Current food habits database (Szoboszlai et al. 2015) , and the Gulf of Mexico (GoMexSI) are examples of how this can be done, and in the case of GoMexSI, made publicly available.
The simulations of a scenario targeting commercially important species showed how predator diets may shift as a result of heavy fishing pressure. Our methods were similar to those presented by Plagányi and Essington (2014) : we proportionally reallocated predator feeding effort. This type of simulation provides a way to identify impacted prey species and has implications for modifying management strategies to account for ecosystem impacts of harvest or local extirpation to the extent that prey items become so reduced that energetic effort is better spent pursing alternative prey. We found that a greater number of prey species experienced an increase in feeding efforts when blue crab were removed from the network than when Gulf menhaden were removed; however, the change in magnitude of feeding effort onto other prey species was larger when Gulf menhaden were removed.
Multiple factors limit the utility of stomach content analyses studies and this includes their generally short duration, their limited spatial extent, and the imbalance in allocation of effort on some taxa and not others. Similarly, variations in the taxonomic resolution and in the choice of reporting metrics continue to present challenges for the synthesis of diet habit studies. The variability of preservation is a primary concern: various food items are digested at different rates, so more readily digestible materials may be easily overlooked, and soft-bodied prey are difficult to identify (Michener and Schell 1994, Bowen and Iverson 2013) . Because of the difficulty in analyzing diet components, the taxonomic resolution in diet studies can be limited, and this can lead to biases and errors in interpretation of predators' food habits (Hansson 1998) . The simulations presented here highlight some of the challenges of using a diversity of diet information that are inconsistent in taxonomic resolution. Meta analytical approaches to describe diet, such as this one, are powerful but are contingent on the use of consistent diet metrics, and there remains a lack of consensus on the "best" approach (Somerton 1991) . A deficiency of information on trophic dynamics and ecological dependencies limits our understanding of ecosystem process and limits the ability to effectively implement ecosystem-based fishery management (Frid et al. 2006) . We believe an effective way forward to overcome the inconsistencies in understanding food habits is enhanced regional coordination of data collection and assimilation by agency and academic scientists.
